The incidence of cetacean strandings is expected to depend on a combination of factors, including the 12 distribution and abundance of the cetaceans, their prey, and causes of mortality (e.g., natural, fishery bycatch), 13 as well as currents and winds which affect whether carcases reach the shore. We investigated spatiotemporal 14 patterns and trends in the numbers of strandings of three species of small cetacean in Galicia (NW Spain) and 15 their relationships with meteorological, oceanographic, prey abundance and fishing-related variables, aiming 16 to disentangle the relationship that may exist between these factors, cetacean abundance and mortality off the 17 North Atlantic Oscillation Index. There were no significant relationships with indices of fishing effort or 23 landings. Only bottlenose dolphin showed possible fluctuations in local abundance over the study period. There 24 was no evidence of long-term trends in number of strandings in any of the species and their abundances were 25 therefore considered to have been relatively stable during the study period. 26
Introduction 42
Strandings can provide valuable information on the presence and relative abundance of cetaceans in 43 an area (e.g., López Since then, the stranding network has attended all reported strandings. As a precautionary measure with the 139 purpose of keeping the searching effort as constant as possible, we analysed data only from 2000 to 2013. 140
The most frequently stranded cetacean species in the region, common dolphin (DDE), bottlenose 141 dolphin (TTR) and harbour porpoise (PPH) were analysed. For each carcass, the state of preservation, 142 biological data, biological samples and photographs were routinely taken. Moreover, post-mortem 143 examinations were carried out to determine possible evidence of bycatch, following protocols described by 144 Kuiken (1994) . Although the stranding network also recorded cetaceans found floating close to the coast and 145 bycaught dolphins handed over by fishermen, for consistency, only those found stranded on the coastline were 146 used in the present analysis. In addition, only stranded animals with a condition state from 1 to 4, following 147 the Kuiken (1994) scale, were used, to avoid including remains (such as bones and highly decomposed 148 carcasses) for which it was difficult to determine stranding date. The study area and the temporal and spatial 149 distribution of the strandings used can be seen in Fig. 1 . 150 
155
Monthly mean number of strandings for the three cetacean species: common dolphin (red), bottlenose dolphin (blue) and 156 harbour porpoise (green). Standard error of the mean is represented. d) Annual number of cetaceans found stranded in the
Oceanographic characteristics of the study area 160
Galicia has a coastline of about 1,200 km and a relatively narrow (i.e., ~ 10km) continental shelf 161 (López-Jamar et al. 1992) . In this region the along-shore winds interact with the coastal topography to generate 162
upwelling-downwelling dynamics on the continental shelf (González-Nuevo et al. 2014). The NW Iberian 163
Peninsula (42-44º N) represents the northern extreme of the NW Africa upwelling system (Wooster et al. 164 1976) . The upwelling season usually occurs from March to September, when the weakening of the Iceland 165
Low and strengthening and northward displacement of the Azores High promote northerly winds. During the 166 rest of the year, due to intensification of the Iceland Low, the winds are predominantly from the south and the 167 south-west; favouring the predominance of downwelling conditions (see wind patterns in Fig. 2) . Thus, along 168 the western coastline predominant winds in winter favour the movement of cetacean carcases towards the 169 coast. In contrast, it is expected that northerly winds and the upwelling tend to move carcases away from the 170 coast during the summer months. Due to its different orientation, the influence of these phenomena on 171 strandings is expected to be weaker along the northern coast. 172
Meteorological phenomena and oceanographic dynamics of the Galician coast change throughout the 173 year and some indices can give quantitative information of these conditions. In order to study their relationship 174 with the stranding patterns, those indices and measures that were considered likely to be most influential were 175 selected (see Table 1 for detailed descriptions of variables and sources). The climatic and oceanographic 176 variables selected were: The North Atlantic Oscillation (NAO), the Winter North Atlantic Oscillation 177 (NAOWIN), the East Atlantic pattern (EA), the Scandinavian pattern (SCA) and the Upwelling Index (UI). The 178 climate variables chosen (i.e., NAO, EA, SCA) were those most commonly used to capture large-scale ocean 179 climate variability in the eastern north Atlantic (see Table 1 Spanish), were included as potential explanatory variables, (UFMNOC, VFMNOC, UBUOY, VBUOY respectively). 186
Since wind direction during each month is highly variable, the mean direction is not always informative, so 187 we also used the number of days per month, from both sources, on which there were strong favourable 188 southwest winds (SWFMNOC and SWBUOY). Only days with winds stronger than 10 m s -1 were counted as positive 189 values for SWFMNOC and winds stronger than 5 m s -1 for SWBUOY (where wind strength recorded is in general 190 weaker). Some of the variables selected have daily or even higher resolution available but, for the sake of data 191 standardization, the final resolution used in the analysis was monthly, obtained by calculating an arithmetic 192 mean when this was required. The only exception was the NAOWIN for which the resolution is annual (since it 193 is a mean of the NAO during the winter months, December to March) and thus the same value was used for 194 all months of each year. 
Fishing effort and landings 202
Three gears (or group of gears) were previously identified as primarily responsible for cetacean 203 bycatches in the study area: gillnets, pair trawls and bottom trawls (López et al. 2002; Goetz et al. 2014b) . For 204 the current work, the fishing effort associated with these three gears was obtained from the "logbooks" which The main prey species in the region for the three selected cetacean species are gadoids, mainly blue 210 whiting (Micromesistius poutassou), in addition to clupeids, European hake (Merluccius merluccius) and 211 carangids. These cetaceans are considered to be mainly opportunistic predators and feed on a wide variety of 212 fish (e.g., Santos et al. 2013 Santos et al. , 2014 , although have preference for preys with a high energy content (Meynier 213 et al. 2008; Spitz et al. 2010 Spitz et al. , 2012 . In order to explore the relationship between the number of strandings and 214 the availability of their main prey, landings of all fish (Land) and of blue whiting (LandBW) of the ports within 
Data analysis 220
All data-series of predictor variables were explored for outliers, normality, homogeneity of variances, 221 colinearity, etc., following the protocol proposed by Zuur et al. (2010) . Generalised Additive Models (GAMs) 222
were then used to explore the spatial and temporal patterns in the data. Based on the different oceanographic 223 characteristics of the northern and western coastline as outlined above, and preliminary results of the models, 224 the two coasts were analysed separately by dividing the study region at the 43° parallel into northern and 225 western coasts. However, due to the low number of strandings recorded along the northern coast, further 226 analysis for this area was not possible and, therefore, GAMs were fitted to explain the variability in strandings 227 in terms of meteorological, oceanographic, landings and fishing effort variables (see Table 1 ) only for the 228 western coastline (see Fig. 3 with a flow chart of the analytical processes). 229
Negative binomial GAMs with a log link were selected as they produced the best values of 230 overdispersion among all tested combinations of models. A forward selection procedure was followed, 231 including those explanatory variables that had a significant effect in explaining the seasonal and inter-annual 232 variation in strandings. Final models were selected based on the Akaike Information Criterion (AIC), amount 233 of deviance explained, R-squared and significance of covariates and smoothers. Knots of the smoother 234 functions were automatically selected by cross-validation (except for the variable Month) since no overfitting 235 was apparent in any case and there was no a priori reason to limit smoother shapes for the effects of temporal 236 and spatial predictors. 237
Oceanographic and climatic variables usually show an annual cycle and are autocorrelated. Cyclical 238 patterns in some variables revealed by spectral analysis were mainly annual (e.g., UI, U, and V) or too long 239 (e.g., NAO, EA) to explain the patterns in our data-series. The annual cycle was taken into account in GAMs 240
by including a smooth function for the seasonal term (Month) with a cyclic cubic spline, since there should 241 not be a discontinuity between January and December, and the knots dimensions set to 12, the maximum 242 possible. When the cyclical pattern varied significantly between years, a 2-dimensional tensor smoother was 243 included for Year and Month together, with a cyclic cubic spline for Month as before. Due to the correlation 244 between some pairs of variables, they were not included together in the same model but different combinations 245 were tested and compared. 246
Autocorrelation (AC) in response variables could be explained by the AC in the explanatory variables. 247
However, when AC persisted in model residuals, Generalised Additive Mixed Models (GAMMs) were usedto allow the inclusion of an annual correlation between samples by nesting an Autoregressive Moving Average 249 model (ARMA) within each Year (applying a first-order autocorrelation in all models). Predictions of the 250 models were plotted and their goodness of fit and quality of the prediction checked. Confidence intervals (CI) 251 of final models were calculated assuming a normal distribution of their residuals. 252
To study the presence of trends or long-term change in the time-series, we created a model for each 253 cetacean species with two smoothers describing within-year and between-year temporal variations. For the 254 within-year or seasonal time variable we used the variable Month with a cycle cubic spline with 12 dimensions 255 as in previous models. For the between-year or long-term trend, a new variable was created with the date of 256 the observations represented numerically (Trend). GAMMs were fitted with these two smoothers and the 257 annual correlation included with a first-order ARMA process using Year as correlated variable. Two models 258
were fitted for each species, one with a cubic spline smoother in the Trend variable fitting a polynomial model 259 and the other forcing a linear fit of this same variable to test if there was any long-term significant linear trend. 260
Subsequently, the most significant variables identified in the GAMs described above were also included as 261
covariates in these models together with Month and Trend variables (but not the Year variable in those cases 262 when it had been considered significant, because of its correlation with the Trend variable). These models were 263 also fitted both with smoothed and linear fit of the Trend variable. This modelling approach would account for 264 the variability explained not only by the Trend but by other variables (e.g., V, SW and NAOWIN) thus revealing 265 any long-term change explained by variables not taken into account, which eventually, could be related to the 266 abundance or distribution of cetaceans off the coast. The shape and significance of the fitted splines of the 267
Trend variables were used to assess the existence of trends and patterns. In order to derive a 95% CI for the 268 fitted spline of the Trend variable, posterior simulations were also generated calculating a linear predictor 269 matrix for the observations and multiplying it by 1000 samples randomly generated for each regression 270 coefficient of the Trend variable assuming a multivariate normal distribution with the coefficients and their 271 variance-covariance matrix. 272
A summary of the analysis performed is shown in Fig. 3 . All models, analysis and data exploration 273 were performed using R software, version 3.3.2 (R Core Team 2016). GAMs and GAMMs were fitted using 274 the mgcv library, version 1.8.0 (Wood 2011) 275 
Results 279

Strandings data-series 280
From 2000 to 2013, a total of 3249 cetaceans were recorded stranded or floating close to the Galician 281 coast. Among these animals, 2035 (62.63%) were identified as individuals of one of the three selected species, 282 of which 1964 (83%) were DDE, 200 (10%) TTR and 141 (7%) PPH. Around 3% of these animals were found 283 floating rather than stranded (44 DDE, 13 TTR and 4 PPH) and, therefore, were removed from the analysis. 284
Almost 75% (1374) of strandings took place on the western coast. Of all cetaceans found stranded, around 285 93% had a condition state <5 on the Kuiken & Hartmann (1991) scale and were therefore used for the 286 subsequent analysis. The most frequent condition state in carcases found in Galicia is 4, with more than 50% 287 of carcases, followed by state 3 with almost 30%. These proportions are similar for the three species (Table  288 2). 289 
295
The month-to-month pattern of strandings was generally similar every year, with a higher number of 296 strandings in winter and a lower number in summer. The monthly mean through the time series is represented 297 for all cetaceans aggregated in Fig. 1 , as well as the total yearly number of strandings. The month-to-month 298 pattern has remained fairly constant over the years as shown by the small standard error. The annual total 299 number of strandings varied from year to year, although there was no clear trend over this time-scale. 300
Stranding models 301
Simple GAMs 302
Results of separate GAMs for each predictor variable showed slight differences between species 303 (Table 3) . Eleven of the eighteen explanatory variables considered (plus the interaction Year:Month) had a 304 significant effect on the strandings pattern of DDE. The interaction Year:Month stood out with p < 0.001 and 305 with 40.01% of the deviance explained, while Month, VFMNOC, SWFMNOC, VBUOY and UI explained 25.92%, 306 11.07%, 9.95%, 9.64% and 9.15% of the deviance, respectively. For TTR fewer variables presented a 307 significant effect on the strandings pattern. Significance was lower than 0.01 only in VBUOY, VFMNOC and UI, 308 with deviance explained of 6.71%, 4.89% and 4.33% respectively. However, three variables (Year, interaction 309
Year:Month and NAOWIN) were less significant (0.01 < p < 0.05) or marginally non-significant (0.05 < p <0.1) 310 but had a considerably higher deviance explained (15.62%, 10.22% and 9.18%, respectively). Relationships 311 between the explanatory variables and PPH strandings were less significant, probably due to the smaller sample 312 size. Month had a significant effect on strandings (p < 0.001) with a deviance explained of 11.60%. The second 313 most significant variable was SWFMNOC (p < 0.01 and deviance explained of 8.98%. Three marginally non-314 significant variables (0.05 < p <0.1; interaction Year:Month and DASGill) showed a high deviance explained 315 (18.44% and 13.38%) but others such as VFMNOC, LandBW and UI explained a smaller percentage of deviance 316 (3.18%, 3.86% and 2.96%, respectively). 317 .) is given on the following scale: p-value < 0.001 = '***', 0.001 < p-value < 0.01 = '**', 0.01 < p-value < 0.05 = '*', 0.05 < p-value < 0.1 = '.', 0.1 < p-value < 1 = ' '. 
GAMs with multiple explanatory variables 323
After the selection of the individual variables with the highest explanatory power, models with 324 different combinations of variables were explored for each cetacean species. The final DDE model included 325 the interaction Year:Month, NAOWIN and VFMNOC. All covariates in this final model were significant with a 326 total deviance explained of 52% (Table 4) . For TTR, the final model included Year and VBUOY, with a deviance 327 explained of only 14%. The best model for PPH included Month and SWFMNOC with a deviance explained of 328 17%. All covariates in these final models were significant. Autocorrelation (ACF) and partial autocorrelation 329 functions (PACF) applied for final models showed seasonal patterns in residuals, especially in the DDE model, 330 as well as high annual correlation between contiguous years. 331 Table 4 : GAMs and GAMMs for each cetacean species. For each combination, predictor variable-cetacean species is 332 represented when the best fit was linear (L1) or a polynomial model of two (S2) or three (S3) degrees. AIC, Deviance 333 explained (Dev. Exp.) and R-squared (R 2 ) is given for all models. Abbreviations of variables in columns as referenced
334
in the text (see Table 1 ) and cetacean species in rows: common dolphin (DDE), bottlenose dolphin (TTR) and harbour Significance level is given with the following scale: p-value < 0.001 = '***', 0.001 < p-value < 0.01 = '**', 0.01 < pvalue < 0.05 = '*', 0.05 < p-value < 0.1 = '.', and a hyphen (-) representing when the variable is not used in the model.
Predictor variables
337
GAMMs 338
GAMMs in which Year was added to the final GAMs as a correlated variable showed similar results 339 to the GAMs. Deviance explained is not comparable because the computational method is different. R-squared 340 values were similar although in general slightly lower for the GAMMs ( Table 4 ). All selected covariates 341 remained significant in all models. Although some correlations could be still appreciated in the ACF and PACF 342 graphs, significant autocorrelation patterns disappeared and therefore, these models were considered more 343 appropriate. Illustrations of the effects of continuous explanatory variables can be seen in Fig. 4 . 344 
Predictions 353
Only the GAMM for DDE explained sufficient deviance (57%) and had an acceptable quality of 354 adjustment (R 2 = 0.366) as to be considered a fairly good predictive model. The results of the predictions 355 performed using this model (for the time series period, not forward predictions) captured the annual and 356 seasonal fluctuations along the time-series reasonably well; however, the model did not predict several 357 instances of a very high number of strandings of DDE. The 95% of CI of the predictions of the model was also 358 calculated by bootstrapping (Fig. 5) . 359 
Trends 366
The Trend variable was weakly significant for DDE and not significant for PPH, but Month showed 367 high significance in both cases (Table 5 ). In TTR, monthly variation exhibited minor importance and the long-368 term temporal trend variable was more significant. Predicted number of strandings showed a similar pattern in 369 TTR as in DDE but with a slightly more marked decline followed by a further increase in the first, with minima 370 in 2011 and 2008, respectively. In the case of PPH, the stranding series showed a slight decline in the middle 371 years of the series (Fig. 6) . When Trend was linearized it was not significant in any of these species, indicating 372 the absence of long-term linear trends in the numbers of strandings. When the selected significant variables 373 were included in the models, the best fit for the Trend variable of the DDE became almost linear although non-374 significant ( Table 5 ) and only small changes were seen in the TTR and PPH models. The patterns and 375 variations in the fitted splines are shown in Fig. 6 with 95% CI, both for the Trend variable treated as variations 376 in the number of strandings and treated as a proxy of the abundance off the coast of the study area (i.e., model 377 with only the Trend variable, and model with other covariates disentangling their effects). 
Significance level is given with the following scale: p-value < 0.001 = '***', 0.001 < p-value < 0.01 = '**', 0.01 < p-value < 0.05 = '*', 0.05 < p-value < 0.1 = '.', and a hyphen (-) representing when the variable is not used in the model. The study of the long-term patterns in the number of strandings revealed year-to-year fluctuations 510 (only significant in TTR and marginally significant in DDE), but no linear trends in the number of strandings 511 for any of the species analysed. When other explanatory variables (mainly the annual variations of the 512 NAOWIN) were included in the model to try to test if these changes in the number of strandings could be related 513 to changes in their abundance, the slightly significant variations observed in the DDE model disappeared, 514 becoming linear and non-significant. This result would seem to indicate a relatively stable abundance of DDE 515 off the Galician coasts in the period of study. 516
When the effect of the Trend variable was linearized, it was not significant for any of the studied 517 species. If we assume that the Trend variable represents abundance, we could conclude that there is no linear 518 trend of increase or decrease in their long term abundance. However, examination of Fig. 6 suggests that the 519 bottlenose dolphin population in the area may have suffered a slight decrease, shortly after half of our time 520 series, and subsequent increase of its population. Depending on the time period over which abundance were 521 evaluated, conclusions could clearly differ but with the whole data set available there is no evidence of an 522 overall decline or increase. 523
To be able to use strandings as indicators to support decisions on cetacean management and 524 conservation, it is important to take into consideration the factors that influence them (Peltier et al. 2014 (Peltier et al. , 2016 . 525
As we have shown, the effects of the multiple explanatory variables which interact among themselves are 526 sometimes not easy to interpret, particularly when the number of observations are limited, such as with TTR 527 and PPH strandings. The models presented provide an example of how combining strandings, environmental 528 and other fishing-related variables could be used to explain the abundance trends and their variations to 529 generate an operational indicator of abundance trends. However, factors and events leading strandings are 530 evidently complex and it is important to obtain better predictors, especially of prey abundance and fishery 531 bycatch mortality of cetaceans. Examination of the relative frequency of different causes of death can provide 532 an insight into whether increased mortality rate is a component in an increased number of strandings. If these 533 frequencies varied throughout our study period, they could mask the relationship between strandings and the 534 abundance of cetaceans. Indices of fish abundance and information on fish spatial distribution, derived from 535 fisheries assessment surveys, can be related to cetacean diet and thus offer insights into changes in cetacean 536 distribution. Recently, models based on ocean currents have shown how carcase drift may be accounted for 537 (Peltier et al., 2012) . These models can provide extra information about processes not captured by the variables 538 used in this study. Clearly, there are additional steps that can be performed to improve the predictive capacity 539 of our models. However, many of them are complex or not fully feasible, so we consider that the approach we 540 have used offers an important step to better understand the stranding process and its possible relationship with 541 the abundance of these species 542
